Saturated hydraulic conductivity (K s ) is one of the crucial hydraulic properties for assessing water and solute transport in soils. However, direct measurement of K s is time consuming and arduous. Alternatively, pedotransfer functions (PTFs) have been developed to estimate K s indirectly through more easily measurable soil properties that are part of regional, national, or international databases. These PTFs are usually based on datasets collected from large regions. However, their validity for a specific site remains unclear. The objectives of this study were to evaluate the performance of established PTFs in estimating K s in a specific field and improve PTFs to arrive at a locally adapted estimation result for K s . Forty-one soil samples were collected from 10 locations at five depths at a farmland in western Kentucky for hydraulic conductivity and physical property measurements. The performance of seven PTFs in estimating K s was evaluated using the root mean square error (RMSE), Nash-Sutcliffe efficiency (NSE), and the coefficient of determination (R 2 ). At this scale, all the selected PTFs exhibited unsatisfactory prediction of K s (high RMSE, low NSE and R 2 ). In the field studied, approximately 60% of variance in K s could be explained by soil texture and macropore components based on factor analysis. Clay content and macroporosity were identified as the most representative variables for each component. The performance of a PTF in estimating K s for the field site investigated was significantly improved by including macroporosity (pores with diameter >75 mm) as a predictor. The results confirmed that soil structure was crucial in characterizing soil hydraulic conductivity.
easily measurable soil properties that may already exist from soil surveys or existing soil databases (Wösten et al., 2001; Pachepsky et al., 2006; McBratney et al., 2011) .
The concept of PTFs, which link soil hydraulic properties with more readily available soil properties, e.g., texture, bulk density, or organic matter, was first introduced by Bouma and van Lanen (1987) . In the past three decades, a number of PTFs have been developed to estimate K s (Wösten et al., 2001) . Pedotransfer functions can be developed either from, e.g., multiple regression (Cosby et al., 1984; Puckett et al., 1985; Saxton et al., 1986; Vereecken et al., 1990; Wösten, 1997; Wösten et al., 1999; Wang et al., 2012a) , regression and classification trees (Lilly et al., 2008; Jorda et al., 2015) , artificial neural networks (Schaap et al., 2001; Zhao et al., 2016) , support vector algorithms (Khlosi et al., 2016) , or k-nearest neighbor (Nemes et al., 2006) methods. Many software packages, such as ROSETTA (Schaap et al., 2001) or SOILPAR (Acutis and Donatelli, 2003) , make the estimation of important hydraulic parameters, such as K s , convenient. The accuracy of prediction is usually compromised for convenience, and this convenience results in the temptation to just accept and use them without much critique.
Although PTFs have been used for many years, there is very little information on where they can be applied, and their performance is overly optimistic (McBratney et al., 2011) . The performance of PTFs is influenced by the dataset used for calibration and evaluation (Schaap and Leij, 1998) . A PTF may perform well in the region for which it was developed and is most sensitive to those properties that exhibit the largest variation in that region and at the particular scale. However, its application in other regions does not always yield satisfactory results, and therefore the reliability of a PTFs needs to be critically examined (Tietje and Hennings, 1996; Wagner et al., 2001) . Furthermore, PTFs were developed at various research scales, including regional (Puckett et al., 1985) , national (Saxton et al., 1986) , international (Wösten et al., 1999) , and intercontinental (Schaap et al., 2001) . Although most agricultural and environmental management (e.g., irrigation, drainage, fertilizer and pesticide application) occurs at the field scale, the application of PTFs for estimating K s at the field scale is still rarely reported (Parasuraman et al., 2006) . Spatial variation of K s and its influencing factors may change by increasing or decreasing the scale of consideration. Factors such as soil texture, soil structure, topographic attributes, and vegetation that may dominate processes at one scale may not have a significant effect at other scales (Zeleke and Si, 2005; Wang et al., 2013) . At large scales, e.g., the domain of a continent or a country, soil texture might be a dominant factor for the magnitude and spatial variation of K s , although local-scale factors, such as soil structure, may still play a role in describing the spatial variability of K s . On the other hand, at the small scale of a farmer's field, the spatial heterogeneity of K s caused by the soil textural variation can be masked by soil structure as well as landscape position, topography-related hydrologic conditions, and agricultural management (Zeleke and Si, 2005; Montzka et al., 2017) .
In many field soils, it has been commonly observed that hydraulic conductivity changes dramatically across a small pressure range near saturation, e.g., between pressure heads of −10 and 0 cm, due to the presence of macropores (Booltink and Bouma, 2002; Jarvis et al., 2002; Børgesen et al., 2006) . Soil structural pores are manifested to some degree in the particle-size distribution; however, they cannot be predicted solely from textural properties (Lin et al., 1999a) . Therefore, models that relate soil K s to textural properties alone cannot correctly predict K s for soils with a pronounced structure and a hierarchical pore organization such as aggregated soils and many soils under no-till management (Wagner et al., 2001; Weynants et al., 2009; Rahmati et al., 2018) . Even if dry bulk density as a soil structural parameter is included in a PTF, it is hardly correlated with K s or K close to water saturation because a few continuous macropores are hardly causing a difference in bulk density or total porosity but have a huge impact on hydraulic conductivity at and near saturation (Beven and Germann, 1982) .
However, few established PTFs, which were derived at a large scale using large datasets, have incorporated important soil structural information because soil structure is difficult to quantify and this information is unavailable in these databases (Weynants et al., 2009; Van Looy et al., 2017; Rahmati et al., 2018) . Some attempts have been made to include effective porosity, which was calculated by using saturated volumetric soil water content (or total porosity) minus the value of volumetric water content at field capacity, in PTFs to predict K s (Ahuja et al., 1984; Aimrun et al., 2004; Yao et al., 2015) . However, the effects of soil structural pores can be identified above a soil water pressure head of about −40 cm (Schaap and van Genuchten, 2006) , which is much higher than the pressure head at field capacity (h = −100 or −330 cm) in previous studies. The application of PTFs in estimating K s at a specific site that contains structured soil in the sense of a diverse and hierarchical pore system might yield results with very limited accuracy and relevance if these structural features are disregarded (Lin et al., 1999b; Vereecken et al., 2010) . These PTFs might be of limited use for estimating water transport at a specific field or even a specific zone within a field (Parasuraman et al., 2006) . Therefore, for field-scale application purposes, developing PTFs from a small set of relevant site-specific data may turn out to be more successful than using PTFs derived from a large but more general dataset where locally specific conditions such as structural features might get lost (Nemes et al., 2003) . Soil structural information, i.e., the volume and geometry of macropores, which is not reflected in texture, bulk density, and organic matter, is therefore essential in PTF development (Lin et al., 1999a (Lin et al., , 1999b Wösten et al., 2001; Pachepsky and Rawls, 2003; Vereecken et al., 2010; Arrington et al., 2013; Van Looy et al., 2017; Rahmati et al., 2018) .
The objectives of this study were to evaluate the performance of established PTFs in estimating K s in zones of different soil type and structure within a specific field and to examine if the estimation of K s at the field scale with PTFs can be improved by including soil structural information.
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6 Materials and Methods
Site Description and Soil Sampling
This research was conducted in a no-till farmland (?30 ha) located in Caldwell County, Kentucky (37°1¢42²-37°1¢58² N, 87°51¢11²-87°51¢33² W). In this region, the mean annual precipitation is 1300 mm, with a mean annual air temperature of 15°C. A wheat (Triticum aestivum L.)/double-crop soybean [Glycine max (L.) Merr.]-corn (Zea mays L.) rotation is practiced in the particular field of this study. Ten locations of soil samples across the field were selected by considering diverse conditions with regard to soil clay content based on the clay map in this field . At each site, a soil pit was dug from the surface to the 1-m depth (20-cm depth increment, five depths). Undisturbed soil cores from the middle 6 cm at each of the five depths (7-13, 27-33, 47-53, 67-73, and 87-93 cm) were collected using cutting rings (diameter: 8.4 cm, height: 6 cm, volume: 332 cm 3 ). For three of the 10 locations, undisturbed soil cores were taken only from the upper two depths because the soil was too clayey and too wet at greater depths to obtain undisturbed core samples. Bulk soil samples were also collected from each point. Undisturbed soil cores were used to measure saturated and near-saturated hydraulic conductivity, soil water retention in the wet range, and bulk density. Disturbed soil samples were air dried and passed through a 2-mm sieve for other soil physical property analyses.
Laboratory Analysis
Soil textural composition was determined with sieving and the pipette method (Gee and Or, 2002) . The core method was used to measure bulk density (r b ) (Grossman and Reinsch, 2002) . Soil organic matter was measured with the combustion method (Nelson and Sommers, 1982) .
Saturated hydraulic conductivity (K s ) was determined using a permeameter (Eijkelkamp) based on Darcy's law under constant-and falling-head conditions depending on the individual percolation rate of each sample (Klute and Dirksen, 1986) . Nearsaturated hydraulic conductivity is useful in studying the influence of soil structural macropores on hydraulic conductivity and rapid infiltration . Hydraulic conductivity at potentials of −1 cm (K −1 ), −5 cm (K −5 ), and −10 cm (K −10 ) was therefore measured with a self-developed double pressure plate-membrane apparatus with two tension plates at the upper and lower ends of the soil core (Wendroth and Šimůnek, 1999) , which are similar to those used with tension infiltrometers. The computation of K(h) is based on Buckingham-Darcy's law.
The soil water retention curve (−650 cm < h < 0 cm) of each sample was measured using a slow evaporation method (Wendroth et al., 1993; Wendroth and Wypler, 2008) . The measured matric potential-water content (h-q) data (−650 < h < 0 cm) were fitted to the van Genuchten (1980) water retention equation by optimizing q s , q r , a, and n:
where q r (cm 3 cm −3 ) is the residual water content, q s (cm 3 cm −3 ) is the saturated water content, h (cm) is soil water pressure head, a (cm −1 ) is related to the inverse of the air-entry pressure head, and n (dimensionless) is an empirical shape parameter. The fitted water retention equation parameters were used in the following soil water content and macropore volume calculations. Soil water content at potentials of −100 cm (q −100 ) and −330 cm (q −330 ) were calculated from the water retention curve because water contents at these pressure heads are widely used for field capacity water content. Soil water content at the permanent wilting point (h = −15,000 cm, q −15,000 ) was measured with a pressure plate apparatus (Soilmoisture Equipment Corp.). In Kentucky, field capacity is considered to be the water content held by the soil at a potential of −100 cm . Therefore, plant-available water equals q −100 − q −15,000 .
The soil pore diameter d (mm) can be associated with the pressure head h (cm) as d = 3000/|h| (Hillel, 1980) . Soil macroporosity (f) can be measured from the volume of water drained between saturation and a certain potential (McIntyre and Sleeman, 1982) . For example, if h = −40 cm is used as the delimitation for the macropore effect region, macropores are assumed to have noticeable contribution to soil water flow for pressure heads above −40 cm. The pores having a diameter >75 mm have significant impacts on hydraulic conductivity. The macroporosity is therefore equal to q s − q (h=−40 cm) . There is no defined h because the classification of macropore size is arbitrary. According to different researchers, equivalent diameters larger than 1000, 80, 75, 60, and 10 mm have been considered as macropores (Luxmoore, 1981; Bouma, 1991; Singer and Munns, 2002; Vereecken et al., 2010; Arrington et al., 2013; Voroney and Heck, 2015; Weil and Brady, 2016) . Several investigations found that although macropores have the most significant contribution to hydraulic conductivity between −3 and 0 cm, the effects of macroporosity can be identified above a matric potential of about −40 cm (Mohanty et al., 1997; Schaap and van Genuchten, 2006) . Therefore, diameters of 1000 mm (h = −3 cm) and 75 mm (h = −40 cm) were considered as delimitations of macropores in this study. Here, we must point out that soil water content at the potential of −3 cm was actually calculated from the extrapolated part of the soil water retention curve (see below for details).
Evaluation of Published Pedotransfer Functions
Based on the available soil data in this study, seven widely used PTFs (Table 1) were selected to assess their performance in estimating K s and compared with the measured K s for the soil cores collected in the field. Three statistical parameters (root mean square error, RMSE; Nash-Sutcliffe efficiency, NSE; and coefficient of determination, R 2 ) were considered as evaluation criteria (Nash and Sutcliffe, 1970; Haghverdi et al., 2014) :
where q is the number of observations, m i and p i are the ith measured and predicted K s values, respectively, m is the mean of the measured K s , and p is the mean of the predicted K s . The RMSE should be as low as possible. The NSE ranges from −¥ to 1 and should be close to 1. The R 2 ranges from 0 to 1 and should be close to 1.
Development of Pedotransfer Functions
Before a new PTF was developed, the factors influencing K s in the field were identified using principal component analysis (PCA) and Pearson correlation coefficients. All the data were transformed to be normally distributed using a Box-Cox normal transformation (Box and Cox, 1964) prior to PCA and Pearson correlation analysis.
Based on a correlation matrix, PCA describes the interrelationships among a set of variables by linearly combining original variables to create a new set of uncorrelated variables, i.e., principal components (PCs). Those variables with high factor loadings in the PCs with high eigenvalues were considered as dominant factors. Only PCs with eigenvalues >1 were retained in this study (Yao et al., 2015) . For each PC, only those variables with absolute factor loading values within 10% variation of the highest absolute factor loading value were selected (Mandal et al., 2008) . The strength of the interrelationships among factors were determined using Pearson correlation coefficients.
For the prediction of K s , the multiple linear regression method was more suitable and convenient than other development methods (Merdun et al., 2006; Wang et al., 2012a; Zhao et al., 2016) . The new PTF was derived based on the most significant variables using the multiple linear regression equation of the form (Santra and Das, 2008) 0 1
where y is the dependent variable (K s ), a 0 is the intercept, a i is the ith regression coefficient, x i is the ith independent variable (influencing factors), and m is the number of independent variables. The dataset was randomly divided into training and validation subsets. The training dataset had 27 records (67% of the total dataset), while the validation dataset had 14 records (33% of the total dataset). The number of realizations needed for developing a stable model cannot be predetermined. A total of 100 realizations, which was similar to the development of ROSETTA, were generated to evaluate the uncertainty of the parameters due to their bias toward any particular training-validation dataset pairs. Therefore, 100 multiple linear regression equations were obtained. The intercepts and coefficients in the final equation were obtained from the arithmetic average of 100 intercepts and coefficients, respectively, i.e., a 0 = S 100 1 j= a 0j /100 and a i = S 100 1 j= a ij /100. The accuracy of the new PTF was evaluated using the RMSE, NSE, and R 2 .
All the data analyses were accomplished with JMP 12.1 (SAS Institute) and R Studio (R Development Core Team, 2016).
Results and Discussion

Soil Water Retention Curve
In general, the van Genuchten (1980) model fitted the water retention data in our study very well. The mean error of all the samples approximated to zero. The RMSE of most soil samples was below 0.002 cm 3 cm −3 , and for several additional samples it was below 0.004 cm 3 cm −3 . The van Genuchten (1980) function reflects a unimodal pore-size distribution so that the van Genuchten (1980) model parameterization might not be accurate in describing hydraulic functions for structural soil with a multimodal pore-size distribution. Overall, soils in the field investigated showed macroporous soil structure to some extent, which was confirmed by a sharp decrease in hydraulic conductivity that was observed when soil water pressure dropped from 0 to −10 cm (see below for details). Water retention curves of four soils showing a macropore effect are presented in Fig. 1 . The RMSEs of the four soils were 0.0039, 0.0015, 0.0010, and 0.0009 cm 3 cm −3 , respectively. Although slight deviations between measured retention data and the fitted retention curve were identified in some soil samples due to heterogeneous pore-size distributions (e.g., Fig. 1 , upper left), for practical purposes, this did not restrict the usefulness of the van Genuchten (1980) function as an empirical model for the retention curve in our research. Note that the water retention curve in the range near saturation (−3 to 0 cm) was obtained by extrapolating retention data from lower water contents. Therefore, the pore-size distribution in the high water content range might not be precisely described. To depict the pore system in the large pore diameter range, measurements close to saturation should be taken at small pressure intervals and as accurately as possible, which is experimentally difficult due to the influence of gravity changing the equilibrium pressure in a soil core with depth. Therefore, precisely and reproducibly determining the soil water content and describing the water retention curve at high pressure heads near saturation remain a challenge (Durner, 1994; Vereecken et al., 2010) . The soil water content within this range (h higher than −5 cm) cannot be captured by the evaporation method used in this study. Pragmatically, Corey (1992) suggested that it is reasonable to describe the secondary pore system in the large pore range by extrapolating the retention curve from lower water contents to saturation. In this study, water content at the pressure head of −3 cm was calculated from the extrapolated part of the soil water retention curve and used to estimate macroporosity (pores having a diameter >1000 mm). Mohanty et al. (1997) found that soil water content changed very little in the range near saturation even in structural soils with macropores. Therefore, as a proximate approach, we assumed here that this method was a valid alternative to measuring macroporosity for practical purposes. Note that this macroporosity (d ³ 1000 mm) was not strictly determined and uncertainties exist in this calculation.
Descriptive Statistics of Soil Properties
Descriptive statistics of the soil hydraulic conductivity and relevant physical properties are shown in Table 2 . The ranges of K s , K −1 , K −5 , and K −10 were between 0.016 and 22,865, 0.070 and 102.9, 0.060 and 44.42, and 0.040 and 23.21 cm d −1 , respectively. For several soil samples with low K s , the near-saturated hydraulic conductivity was slightly higher than K s . Those slight inconsistencies in the data might be introduced by different measurement methods (Vereecken et al., 2010) . The relatively low conductivity of some samples did not change substantially regardless of whether the sample was measured under saturated or slightly unsaturated conditions, and it is assumed that this measurement result reflected measurement uncertainty and the absence of macropores. Another explanation could be that soil pores were rinsed out or eroded during the experiment, since measuring low-permeability soil samples took a long time. For soil samples with low permeability, the falling-head method was used to measure K s . During this process, evaporation cannot be completely avoided, which may also cause underestimation of K s . The coefficients of variation (CV) indicated that hydraulic conductivity, especially K s , was more variable than other physical properties. The high degree of variation among different soil cores in saturated and near-saturated hydraulic conductivity was possibly caused by the influence of soil macropores. In this no-till soil, high spatial variation in soil macroporosity was observed. For instance, macroporosity (pores having equivalent diameter >1000 mm) exhibited a CV of 90.7%. Although, macropores account for only a small volume fraction (<4% in this research), they have important influence on soil saturated and near-saturated hydraulic conductivity (Beven and Germann, 1982) due to their size and geometry (Ehlers et al., 1995) . Two textural classes (silt loam and silty clay loam) were observed in the field investigated here (Fig. 2) . Silt loam was determined as the predominant soil texture. The average bulk density was 1.604 g cm −3 , while the mean organic matter content was 0.75%. Soil water contents at matric potentials of −100, −330, and −15,000 cm had mean values of 0.408, 0.383, and 0.238 cm 3 cm −3 , respectively, and the average plant-available water capacity was 0.170 cm 3 cm −3 .
Evaluation of Established Pedotransfer Functions
The reliability of the most widely used PTFs in estimating K s at the field scale was evaluated and compared with locally measured data (Fig. 3) . The predicted K s values from the PTFs were weakly related to measured K s values based on high RMSE and low NSE and R 2 values. In fact, the predicted K s values varied by two orders of magnitude, whereas measured K s data varied by five orders of magnitude. All PTFs, by their very nature, tend to smooth the data to some degree (Pringle et al., 2007) . This might also explain why PTFs systematically overestimated low measured K s and underestimated high K s for this field. In general, only the mean level (based on log-transformed data) of estimated K s for PTFs (except Saxton and Vereecken PTFs) represented the mean (based on log-transformed data) of measured values (t-test at the 5% significance level) (Fig. 4) . Although it has been recommended that a given PTF should not be used beyond the geomorphological and pedoclimatic region or soil type from which it was derived, the differences and similarities between the development and application datasets in the data range as well as the underlying correlation patterns have more significant impacts on the reliability of a PTF (Wösten, 1997; Nemes, 2015; Van Looy et al., 2017) . In this study, local soil properties are covered by all the databases that were used to derive the selected PTFs. In this field where two soil types were found, the range of soil texture related properties was much narrower than the range represented in the databases that were used for developing PTFs. The variation of K s was not sufficiently reflected in the variation of soil texture, bulk density, and organic matter, which are commonly used to predict K s in PTFs developed for soils distributed across regions larger than in this study. Therefore, these texture-dominated PTFs underestimated the variance of K s observed in this field due to processes dominant at smaller scales, such as soil structure development. It is possible, , and K −10 , hydraulic conductivity at potentials of −1, −5, and −10 cm, respectively; r b , bulk density; SOM, soil organic matter; f (d³1000mm) and f (d³75mm) , macroporosity of pores having equivalent diameter ³1000 and 75 mm, respectively; q −100 , q −330 , and q −15,000 , soil water content at potentials of −100, −330, and −15,000 cm, respectively; PAW, plant-available soil water content. ‡ SD, standard deviation; CV, coefficient of variation. SD and CV were computed based on non-transformed data. however, that other soil properties that are relevant at the given scale might help improve the prediction. The relatively poor K s prediction performance might be caused by possible macropore effects in the farmland, since bulk density and organic matter can only partially reflect soil structure (Wagner et al., 2001) . The volume and geometry of large soil pores, which may not be correlated with the properties of the bulk soil, greatly influence saturated and near-saturated hydraulic conductivity (Ghafoor et al., 2013) . The presence of large pores increases the uncertainty and complicates the prediction of K s using published PTFs (Arrington et al., 2013) . Therefore, the established PTFs, in which a macropore effect was not considered, might be suitable for predicting K s for soil with pore systems dominated by matrix flow but will lack precision when applied to structured soils that are influenced by macropores (Lin et al., 1999b) . Even inclusion of one or two soil water content points in PTFs such as done in ROSETTA did not improve the prediction of K s , since water contents at field capacity and the permanent wilting point are decoupled from the macropore region. Therefore, the influence of macropores on saturated water flow was further explored.
Hydraulic conductivity at or close to saturation (h ³ −10 cm) is important to illustrate the effects of soil macropores. A significant drop in hydraulic conductivity is always observed in soils with macropores when the pressure head slightly changes in the range near saturation because these macropores drain under even small pressure decreases and do not participate in water flow anymore (Bouma, 1981) . The difference between K measured at saturation and at h = −10 cm, i.e., K s − K −10 , is therefore considered to be the macropore hydraulic conductivity . Hydraulic conductivity followed a lognormal distribution according to the Kolmogorov-Smirnov test at the 5% significance level. The geometric means for hydraulic conductivity at potentials of 0, −1, −5, and −10 cm were 5.094, 2.181, 1.263, and 0.625 cm d −1 , respectively. Based on geometric means, the relative hydraulic conductivity [K r = K(h)/K s ] was used to provide a general picture of how macropores affect rapid water flow in a field (Wilson and Luxmoore, 1988) . The value of K r was plotted vs. the soil water pressure head and the associated equivalent diameter of the largest pore contributing to water flow. The decrease in relative hydraulic conductivity was fitted to an exponential model (Fig. 5) . A large reduction (?85%) in K r was observed when the soil water pressure dropped from 0 to −10 cm in this field. The drop in K r was caused by emptying of macropores. This result indicated that the extremely rapid flow could happen Table 1 for variable definitions.) through macropore flow systems, while macropores represent only a small fraction of the total pore space. Therefore, the effects of macropores, which were obviously identified in this field, cannot be overlooked in estimating K s in field soils with structural pores.
Factors Influencing Saturated Hydraulic Conductivity
Before the new PTF was developed, the relationships between measured K s and other soil physical properties were investigated. The shape of the soil hydraulic conductivity curve can be estimated from soil water retention curve parameters. In previous studies, fitted or optimized van Genuchten (1980) water retention model parameters were successfully used as predictors of the relative hydraulic conductivity function and then combined with an estimate of K s for matching the unsaturated hydraulic conductivity function (Schaap and Leij, 2000; Minasny et al., 2004) . Therefore, the correlations between measured K s and water retention curve parameters were also briefly studied in this research. The degree of linear association of K s with relevant physical properties was determined using Pearson correlation analysis (Table 3) . High positive correlations were found between K s and silt content, macroporosity for pores having a diameter >1000 mm [f (d³1000mm) ], macroporosity for pores having a diameter >75 mm [f (d³75mm) ], and a. The K s value was significantly negatively correlated with clay content, q −100 , q −330 , and q −15,000 . Although sand, bulk density, and organic matter are widely used as input in some established PTFs (Vereecken et al., 1990; Wösten et al., 1999) , the correlations of K s with sand, r b , and soil organic matter were generally weak in this study, probably because the range of variation within our field site is smaller than the range obtained for large regions. The K s value was strongly correlated with macroporosity rather than with bulk density, which is a proxy for total porosity. This result is consistent with the observations reported by Ahuja et al. (1984 Ahuja et al. ( , 1989 , who found that there was a poor relationship between K s and total porosity compared with the relationship between K s and macroporosity (d ³ 10 mm). It is obvious that macropores are the key in determining rapid water infiltration and drainage in soil, although total pore space remains important (Voroney and Heck, 2015) . The strong positive correlation between K s and a also confirmed this point. Parameter a is related to the air-entry pressure and is an indicator of soil pore size. Higher a means a larger radius of the largest pore in the system (Schaap and Leij, 2000) .
The PCA of 15 soil physical properties resulted in four PCs that had eigenvalues >1 and accounted for 83% of the variance in the measured soil properties (Table 4 ). The first PC explained 37% of the variance. It had high positive loadings on clay content, soil water content at potentials of −330 and −15,000 cm, as well as high negative loading on silt content. Based on Pearson correlation, q −330 , and q −15,000 were significantly correlated with clay and silt content (p < 0.001). Therefore, PC1 was identified as a soil texture related component. The second PC explained 24% of the variance, with high loadings on f (d³1000mm) , f (d³75mm) , and a. The latter was highly correlated with macroporosity (p < 0.001). Thus, PC2 was considered as the soil structure or macroporosity component. The third PC, which was dominated by bulk density only, explained 13% of the variance. Because bulk density influences soil total porosity, PC3 can be considered as another soil structure related component. The fourth PC, which was dominated by residual water content (q r ), only explained 9% (6) Cosby et al. (1984) , (7) Puckett et al. (1985) , (8) Saxton et al. (1986) , (9) Vereecken et al. (1990) , (10) WÖsten (1997), (11) WÖsten et al. (1999) . Mean ± SD shown, number over the symbol is the mean based on non-transformed data (cm d −1 ). of the variance. The q r is generally influenced by soil texture. For example, clayey soil usually has a higher q r than sandy soil (van Genuchten, 1980) . The fourth PC was considered as another soil texture related component. The PCA indicated that the soil physical properties explaining K s in the field could be grouped into two dominant factors, i.e., soil texture and soil structure. Soil structure, especially soil macropores, significantly influence K s . Soil macropores are beneficial in characterizing hydraulic behavior in soils with structural features (Lin et al., 1999b; Arrington et al., 2013) . However, this factor is missing in most PTFs, which might explain the unsatisfactory performance of the selected PTFs in estimating K s when applied to small domains such as our field site with soils that obviously show structural features of a hierarchical pore space organization (Wagner et al., 2001; Weynants et al., 2009) .
Based on PCA and correlation analysis, silt, clay, q −330 , q −15,000 , f (d³1000 mm) , f (d³75 mm) , and a were potential predictors in PTF development. Bulk density and organic matter were thought to be useful predictors for K s and important in PC3 and PC5 (not shown because eigenvalues for PC5-PC15 were <1). However, their Pearson correlation coefficients were not significant. Similar to bulk density and organic matter, residual water content was important in PC4. However, it had a weak correlation with K s . These properties were therefore not considered in the development of a new PTF. The coefficients in a multiple linear regression model indicate the effect of a predictor on the response after adjusting for all other predictors in the model. It is possible for a predictor that seems to be significant in a simple bivariate linear regression to become nonsignificant in multiple linear regression if the effect that variable has on the response is better explained by one or more of the other variables in the model. This is called multicollinearity, which occurs when regressing several highly correlated variables. This problem can be solved by developing a model with fewer independent variables. Therefore, it is crucial to select the proper variables to form a subset of variables for model development. In the first PC, silt, clay, q −330 and q −15,000 were important factors, and all four variables were highly correlated with each other (p < 0.001). To select variables within this highly correlated group and reduce redundancy, the absolute values of the bivariate correlation coefficients for these variables-as the only criterion to select input variables-were summed. The variable having the highest sum of absolute correlation coefficients was considered to represent the group best (Andrews and Carroll, 2001; Wang et al., 2012b) . Despite the approach taken, the selection of representative variables remains somewhat subjective. There are chances that choosing other representative variables with a similar sum of correlation coefficients may yield similar results. Based on correlation coefficients, clay content was considered to be the most representative factor of PC1 (Table 5 ). The three important factors in PC2, i.e., f (d³1000mm) , f (d³75mm) , and a, were also Table 3 . Pearson correlation coefficients between saturated hydraulic conductivity and soil physical properties. * Significant at the 0.05 probability level. ** Significant at the 0.01 probability level. *** Significant at the 0.001 probability level. † K s , measured saturated hydraulic conductivity; r b , bulk density; SOM, soil organic matter; f (d³1000mm) and f (d³75mm) , macroporosity of pores having equivalent diameter ³1000 and 75 mm, respectively; q −100 , q −330 , and q −15,000 , soil water content at potentials of −100, −330, and −15,000 cm, respectively; PAW, plant-available soil water content; q r , residual water content; q s , saturated water content; a, related to the inverse of the air-entry pressure head; n, empirical shape parameter.
highly correlated (p < 0.001). Because f (d³75mm) had the highest correlation sum (Table 6 ) and a strong relationship with K s , it was considered as the better or more representative factor within PC2. Considering that both K s and f (d³75mm) were lognormally distributed (Kolmogorov-Smirnov test at the 5% significance level), the original data were log-transformed for the multivariate regression. Thus, clay content and log 10 f (d³75mm) were used as predictors in the new PTF development.
Pedotransfer Function Development
Multiple linear regression analysis was performed to develop the new PTF using clay content and macroporosity as predictors. In general, the performance of a PTF is influenced by the selection of a dataset used to develop the PTF and the validation dataset. One hundred random realizations were performed to generate 100 equations to obtain information on parameter uncertainties. The distributions of 100 intercepts and 100 coefficients corresponding to each variable are shown in Fig. 6 . Each of the 100 equations was then tested against the corresponding validation dataset to evaluate PTF reliability. The distributions of evaluation criteria (RMSE, NSE, and R 2 ) are shown in Fig. 7 . All the distributions were approximately normal (Kolmogorov-Smirnov test at the 5% significance level).
The coefficients of the variables varied with changing data that were selected to derive the PTF (Fig. 6) . The CVs for the Variance explained, % 37 24 13 9 † r b , bulk density; SOM, soil organic matter; f (d³1000mm) and f (d³75mm) , macroporosity of pores having equivalent diameter ³1000 and 75 mm, respectively; q −100 , q −330 , and q −15,000 , soil water content at potentials of −100, −330, and −15,000 cm, respectively; PAW, plant-available soil water content; q r , residual water content; q s , saturated water content; a, related to the inverse of the air-entry pressure head; n, empirical shape parameter. intercept and coefficients of clay content and macroporosity were 14, 16, and 17%, respectively. The mean values of regression coefficients for each input variable and intercept were used as the coefficients in the final PTF. Therefore, the new PTF was log 10 K s = −0.12 clay + 1.96 log 10 f (d³75mm) + 3.32. Note that a bimodal pattern was identified in each of the graphs in Fig. 6 . This observation indicated that the averaged coefficients were probably not the most optimal ones and that this PTF development process still needs further improvements. The distributions of RMSE, NSE, and R 2 showed that the PTF performance changed significantly for different validation datasets (Fig. 7) . Increasing the number of realizations from 1 to 100 resulted in variations in the average regression coefficient of each variable and training error (RMSE) (Fig. 8) . The average training error generally stabilized with an increasing number of realizations. A similar trend was also found by Baker and Ellison (2008) . When the number of realizations increased to approximately 70, the training error became stable. For the regression coefficient of each variable, a significant fluctuation was identified when the number of realizations was <30. When the number of realizations was >40, there was no obvious difference among different numbers of realizations. Therefore, the results suggest that the regression coefficients of the 100 realizations were sufficient to generate a stable and reliable PTF in this study. This number of realizations is in agreement with the results reported by Schaap et al. (2001) . Therefore, it was concluded that the quality of the new PTF greatly depended on the selection of training and validation datasets, which are highly random for a single realization, especially for relatively small datasets like ours. Lilly et al. (2008) utilized a resampling technique to derive PTFs showing that RMSE varied across a wide range using a resampled subset of the same master database. In our study, it was crucial to repeatedly develop and validate the PTF using a resampling method to evaluate the stability of the PTF and obtain a prediction model with relatively high estimation quality. Although the porosity of macropores having a diameter >75 mm was chosen as the factor representing soil structure and used in the development of the new PTF, it is worthwhile to discuss the influence of different macropore delimitations on the performance of PTFs based on this dataset. Therefore, another PTF using clay and log 10 f (d³1000mm) was derived using the same method. Both PTFs had similar performance (t-test at the 5% significance level) while the PTF using macropores having diameters >75 mm was slightly better than the PTF based on macropores with diameters >1000 mm (Fig. 9) . In this local dataset, soil samples were taken from different soil depths. Macropores having diameters >1000 mm, which are mainly earthworm channels or cracks, might be more pronounced in surface soil than subsoil. Earlier research has found that pores having a diameter >1000 mm exhibit the most significant influence on K s . However, pores having diameters between 75 and 1000 mm still contribute considerably to rapid infiltration (Germann and Beven, 1981; Mohanty et al., 1997; Schaap and van Genuchten, 2006) . These factors might explain why the PTF using f (d³1000mm) was slightly worse than the PTF using f (d³75mm) . Also, the measurement of water content in the range near saturation is difficult, as discussed above. Therefore, relatively large uncertainty exists in obtaining the water content at a pressure head of −3 cm. Although the macropore classification is arbitrary, f (d³75mm) is recommended to be included in the PTF based on the measurements and analytical methods used in this study.
The performance of seven published PTFs was also evaluated based on the 100 validation datasets. Compared with the established PTFs, the new PTF including macroporosity had the best performance because of the lowest RMSE and highest NSE and R 2 (Fig. 9) . Although the new model developed in this study still revealed a relatively high RMSE, the new PTF was significantly better than the published PTFs (t-test at the 5% significance level). The ability of PTFs to accurately estimate soil hydraulic properties greatly depends on the underlying database used for PTF development. An external PTF might lose its validity if it is used in an area beyond the pedoclimatic region or soil types from which it was developed. Therefore, the improvement of this new PTF might be attributed to the use of local datasets. To isolate that effect, another five PTFs were derived from the same local data that did not include macroporosity as input. Selected soil properties, except macropore properties, were included in PTF 1 (sand, silt, and clay), PTF 2 (sand, silt, clay, and r b ), PTF 3 (silt, clay, and q −330 ), PTF 4 (sand, silt, clay, r b , q −330 , and q −15,000 ), and PTF 5 (sand, silt, clay, r b , organic matter). These variable combinations were the same as or similar to the variable combinations used in the published PTFs investigated in this study. The performance of the PTFs using these five input combinations was compared with the published PTFs and the local PTF that included macroporosity as input. Figure 9 shows that the estimation of K s using PTF 1 , PTF 2 , PTF 3 , PTF 4 , and PTF 5 was no better than the prediction by some widely used established PTFs derived from the same or similar input combinations (t-test at the 5% significance level). However, the new PTF including macroporosity performed significantly better than PTF 1 , PTF 2 , PTF 3 , PTF 4 , or PTF 5 (t-test at the 5% significance level). These results confirm that although using a local dataset may play a role in improving the performance of a new PTF, soil macroporosity was the crucial component that greatly improved the performance of the new PTF. Therefore, the PTF, which was developed based on a small but relevant dataset and which took the effect of macropore volume on K s into account, was more suitable in estimating K s for different locations within a specific field than any of the examined existing PTFs that did not account for macroporosity. Soil textural properties were not sufficient to compensate for the lack of information on macroporosity to predict K s in this field with structured soil.
Conclusions
In this study, local measurements taken from a farmer's field were used to evaluate the performance of established PTFs in estimating K s in a specific site. The strong spatial variation of measured K s , which was caused by the presence of macropores, observed in the field was not reflected in the predicted values. These classical PTFs, which utilize particle-size distribution, dry bulk density, and organic matter as predictors, should be used with caution and their limitations discussed in this study should be kept in mind when predicting the spatial variability of K s at the field scale. Principal component analysis and correlation analysis were performed to identify the influencing factors of K s in the field. Fifteen variables were grouped into the two most influencing components (soil texture related component and macropore Fig. 9 . Box and whisker plots show the mean, first, 25th, 50th, 75th and 99th percentile of the distributions for the performance of pedotransfer functions based on 100 validation runs: (1) new PTF (clay and macropores ³75 mm), (2) new PTF (clay and macropores ³1000 mm), (3) PTF 1 (sand, silt, and clay), (4) PTF 2 (sand, silt, clay, and bulk density [r b ]), (5) PTF 3 (silt, clay, and water content at −330 cm [q −330 ]), (6) PTF 4 (sand, silt, clay, r b , q −330 , and water content at −15,000 cm [q −15,000 ]), (7) PTF 5 (sand, silt, clay, r b , and organic matter content), (8) Rosetta (sand, silt, and clay), (9) Rosetta (sand, silt, clay, and r b ), (10) Rosetta (sand, silt, clay, r b , and q −330 ), (11) Rosetta (sand, silt, clay, r b , q −330 , and q −15,000 ), (12) Cosby et al. (1984) , (13) Puckett et al. (1985) , (14) Saxton et al. (1986) , (15) Vereecken et al. (1990 ), (16) WÖsten (1997 , (17) WÖsten et al. (1999) . component), which explained >60% of the variance. Clay content and macroporosity for pores having diameters >75 mm were selected to represent each component and used as predictors in the new PTF. The new PTF, which was developed by multiple linear regression, performed much better than the established PTFs tested in this study. This finding indicated that taking soil macropore effects into account improved the prediction of K s . The selection of calibration-validation data subsets also impacted PTF performance; therefore resampling and subsequent uncertainty analysis was necessary during the PTF development process.
The ability of PTFs to accurately predict soil properties often greatly depends on the underlying data. The pedoclimatic region, soil types, as well as land use and management practices in this field do not vary or vary within a narrow range only. Therefore, similarly to many PTFs that were developed for specific regions, the new PTF presented in this research should be applied to other fields with great caution and needs validation in other domains. Furthermore, an important aim of this study was to improve the estimation of K s with PTFs at the field scale by taking into account soil structural information, such as macroporosity. For the advancement of knowledge, this research highlighted the importance of soil structural information in characterizing soil hydraulic properties and proved that including soil structural pore information in PTFs improved the estimation of K s . However, an effective means of quantifying soil structural information remains elusive. It was difficult to either quantify soil macroporosity or identify macropore effects by measuring the soil near-saturated hydraulic conductivity. With the development of novel indirect measurement or imaging techniques, quantitative soil structural information will increasingly become available. The benefit of using quantitative soil structural information in PTFs should be widely pursued in the future.
